Abstract: Assessing the influential factors on measured (or allocated) heat consumption in district heating systems is often limited by the available data. Within a project of modelling consumption in district heating systems in Croatia for the Ministry of Environmental Protection and Environment, an access to a complete billing database of the largest Croatian district heating company was granted. The company supplies approximately 126,400 final consumers (both households and businesses) over 375 km of distribution network. The billing database has 40 vectors in a few million single inputs. In addition to these data, a questionnaire is distributed to the final consumers in several buildings labelled as "model buildings", gathering behavioural and demographic data of final consumers (such as occupancy, mode of space usage, heat comfort level, age of occupants, etc.). The two sets of data are then merged, and a correlation analysis is performed. Furthermore, a two-step regression analysis is performed based on variables from billing database in the first step, with added behavioural and demographic variables obtained from the questionnaires in the second step. The models from two steps are compared, tested and interpreted. Results of the most influential factors on heat consumption in district heating systems are given and the influence of the behavioural/demographic variables on the prediction accuracy of heating consumption is interpreted.
Introduction
The building sector in the European Union consumes around 40% of total final energy consumption, of which about 80% is spent on heating and domestic hot water preparation (the remainder consists of cooling with 0.6% and electric energy with 19.40%) [1] . The first major incentive to increase energy efficiency and reduce energy consumption was made after the signing of the Kyoto Protocol [2], which encouraged various approaches and methodologies for increasing energy efficiency in buildings, particularly in residential buildings [3] . In contemporary research, a number of models have been developed to evaluate the effects of applying energy efficiency measures and forecasting consumption in the building sector, based on methods such as traditional regression methods [4] , neural networks [5] and various simulation methods [6] . The International Energy Agency (IEA) recognises two basic approaches to energy consumption and energy savings assessment, namely, "top-down" and "bottom-up" approaches, for which the IAE has provided detailed guidance for calculations [7] . The "bottom-up" approach can be based on the physical properties of buildings, statistical models or may be a hybrid. In the EU, the "bottom-up" model is predominantly used when determining incentive legislative frameworks to achieve energy efficiency, but its main disadvantage is the fact that such models are inadequate in describing non-technical influential parameters and introduce a greater number of model assumptions related to behavioural aspects of energy consumption such as demographic factors, age of final consumers, daily disposition of space usage, consumer willingness to pay, etc. [8] .
Recently, an increasing research focus has been put on the aforementioned numerous non-technical factors affecting energy consumption. Thus, Yang and et al. consider the behaviour of the space user and the level of thermal comfort [9] . Furthermore, Nguyen et al. analyse intelligent systems for monitoring the use and control of energy consumption in buildings [10] . With the increase of available data on non-technical parameters of consumption and the development of data collection technologies, the analysis of these data has the potential to support a better understanding and modelling of energy consumption due to a series of non-technical factors. When analysing big data, statistical methods are used, such as Olofsson et al., using basic coordinate analysis and regression method of partial least squares to determine the main influencing factors for energy consumption in district heating systems, electricity consumption, potable water consumption and heat losses [11] . Furthermore, machine learning algorithms, predominantly a support vector machine, are shown to be suitable for assessing energy consumption in buildings [12, 13] .
By changing the energy policy within the EU, district heating systems have been identified as one of the main instruments for achieving the goals of increasing energy efficiency and increasing the share of renewable energy sources in the energy mix [14, 15] -indicating the need for precise methods of estimating consumption and saving energy in these systems. In February 2016, the European Commission issued the first strategy for optimization of heating and cooling in Member States, which illustrates the overall efficiency of these systems in the future [16] . At the end of 2012, the European Parliament and the Council of the European Union adopted Directive 2012/27/EU on energy efficiency, the primary objective of which is to achieve energy savings of 20% by 2020 and to open new energy efficiency improvements after this period. Also, in Article 9 of the abovementioned Directive, introduction of individual distribution of heat energy consumption in district heating systems, has been identified as the basic prerequisite for achieving energy savings by changing user behaviour [17] . Compared to the energy consumption in the general building stock, additional influencing factors in the district heating systems refer to the existence or absence of individual consumption measurement, the existence of DHW preparation or lack thereof, the possibility of replacing the primary energy source, the amount and management of heat losses in the distribution system, and valorisation of passive heat gains in multi-storey buildings [18] . The estimate of the effect of individual measurements of heat energy consumption by using a heat cost allocator (HCA) was experimentally performed in the seventeen-year period by measuring consumption in two identical housing units (equally entering the same building) so that heat cost allocators are incorporated in one unit, while in the other they are not. The annual savings achieved in the unit with built-in heat cost allocators are about 27% [19] . Such estimated savings cannot be uniquely attributed to the impact of installing heat cost allocators, because energy consumption is influenced by numerous factors. Previously, a great deal of research has been conducted in order to describe and understand the energy consumption in the residential sector. Most of the accessed categories of objectives are identified in these three categories: (i) energy, (ii) occupants' behaviour and (iii) guidelines (in energy policies or simulation and design) [20] . In this paper an emphasis is placed on occupant behaviour related data, and the questionnaire is made with the focus on this area. The questions about relevant parameters in the questionnaire and interviews conducted in this paper where based on previous research carried out in Denmark and the Netherlands [21, 22] . As Croatia is located in southern Europe, the relevant parameters defined for the northern countries of Denmark and the Netherlands where double-checked with the parameters defined for Greece [23] .
The goal of this paper is to make an initial classification of influential factors on heat consumption in the buildings connected to district heating systems with cross-referencing parameters from both billing data and questionnaires on behavioural and demographic characteristic.
This paper is organised as follows: Section 2 describes materials and methods used in this paper, while Section 3 presents the results of the research performed. Finally, Section 4 reports the discussion. 
Research Background and Motivation
The Energy Efficiency Directive (2012/27/EU) was transposed into the Croatian legislation in the Heat Market Act (Official Gazette 80/13, 14/14 and 95/15) and the Energy Efficiency Act (Official Gazette no. 127/14). According to the mentioned acts, it was necessary to install electronic heat cost allocators (abbreviated HCA) or heat energy meters and thermostatic radiator valves in all residential/business premises connected to the district heating systems by the end of 2016.
Starting from 2010 in its new, energy legislation, based on EU principles and requirements regarding energy sector organisation and functioning, as well as promoting energy efficiency, the Republic of Croatia has opted for a model in which each residential area, regardless of whether they are multiapartment buildings or a family homes, has its own access to all network services and its own measurement of the service performed. For efficient energy use it is essential that the owner of the living space can decide on how energy is used so that his energy consumption can be measured and paid as much as it is spent. Prior to the introduction of individual allocation or of heat consumption measurement, actual consumption was measured on the building level and then equally allocated based on the floor area with no "energy-based" measurements on the apartments level.
However, most of the apartments that were constructed prior to 1995 and are connected the district heating systems (DHS) in buildings have a vertical distribution system, meaning that one vertical pipe goes through each room on each floor so the apartments do not have a single input/output point. In these apartments it was not economically viable to provide direct heat consumption measurement without a technically and financially demanding reconstruction of the heating installation within the building. For such cases the installation of HCA was allowed as a more economically feasible option.
HCAs are devices attached to individual radiators in buildings that allocate the total heat output of the individual radiator within apartment. For efficient energy use it is essential that the final consumer has an opportunity to measure the actual energy used in a specific unit and billed based on the actual consumption. Numerous studies and analyses have confirmed that by installing HCAs, annual heat savings at the heat station level (i.e., the entire building) can be expected at the level from 15% to 30% [19] . The achieved savings, i.e. reduced heat consumption, are further distributed to each individual consumer by a certain allocation methodology. However, the installation of HCAs in Croatia caused great dissatisfaction for a number of final consumers. A total of 70 complaints of final customer submitted by four energy entities performing the activity of supplying heat to households and industrial subjects, i.e., the activity of the buyer and a consumer protection association, were analysed. The analysed complaints can be classified into the following three groups with regard to the subject of the complaint: complaints against the excessive bill for the delivered heat energy and preparation of hot water, requirements for information and dissatisfaction with the overall heat energy consumption calculation system.
The final motivation of this work presented in this paper is to develop a model that would be used for the purposes of assessing the effects introducing individual metering has had on the heat consumption in district heating, on household, building, network and national levels.
Materials and Methods

Analysed Dataset
In the course of analysing the effects of implementation of individual metering in district heating systems in Croatia, with the aim of resolving the issues described in the previous text, access to the anonymised billing data was granted in 2016. Furthermore, during 2018 questionnaires were distributed to 154 apartments with a short set of straightforward questions with the aim of obtaining information on presumed influential factors on heat consumption of which no information can be find in the billing data. In close cooperation with the tenants' official representative the questionnaires were distributed to the tenants and a total of 51 tenants participated in the interviews, making a share of 33.55%. Furthermore, the tenants' representative provided anonymised metering data for all of the 154 apartments. The questionnaires were not anonymised, and all of the participants were required to give their consent for the participation in this scientific research based on the EU General Data Protection Regulation [20] . The consents obtained were presented to the local district heating company with the request for access to the relevant billing data for the 51 apartments participating in the interviews ("participating apartments" in the following text). All of the relevant technical and metering data for the building were obtained from the participating apartments' billing data. Pairing the billing data with the anonymised metering data obtained from the tenants' representative provides a data set for the analysis presented in this paper. This paper is based on the available data from two sets, as follows:
(1) The first data set consists of actual billing data for the final consumers.
(2) The second data set is based on the questionnaires distributed to the apartment owners (tenants).
The analysed building is located in Zagreb, Croatia, and it consists of three sub-divisions, where each subdivision has its own heating substation. The type of all substations is indirect. The ground plan outlook of the building is given in Figure 1 . data for all of the 154 apartments. The questionnaires were not anonymised, and all of the participants were required to give their consent for the participation in this scientific research based on the EU General Data Protection Regulation [20] . The consents obtained were presented to the local district heating company with the request for access to the relevant billing data for the 51 apartments participating in the interviews ("participating apartments" in the following text). All of the relevant technical and metering data for the building were obtained from the participating apartments' billing data. Pairing the billing data with the anonymised metering data obtained from the tenants' representative provides a data set for the analysis presented in this paper. This paper is based on the available data from two sets, as follows:
The analysed building is located in Zagreb, Croatia, and it consists of three sub-divisions, where each subdivision has its own heating substation. The type of all substations is indirect. The ground plan outlook of the building is given in Figure 1 . The building's sub-divisions for the purposes of this paper will be named as follows:
The relevant characteristics of each subdivision are given in Table 1 . The building's sub-divisions for the purposes of this paper will be named as follows:
The relevant characteristics of each subdivision are given in Table 1 . Each of the sub-divisions is connected to a separate heating substation and has an individual heat meter. This paper encompasses analyses made for 2016 and 2017.
Billing Data
The billing data was accessed based on the consents from 51 participating apartments. The request for the access to data was submitted to the local district heating company and the data was provided. The provided data is an integral part of a monthly bill submitted to each apartment owner. The outlook of the bill is shown in Figure 2 .
Each of the sub-divisions is connected to a separate heating substation and has an individual heat meter. This paper encompasses analyses made for 2016 and 2017.
The billing data was accessed based on the consents from 51 participating apartments. The request for the access to data was submitted to the local district heating company and the data was provided. The provided data is an integral part of a monthly bill submitted to each apartment owner. The outlook of the bill is shown in Figure 2 . The required data was a subset of all of the available billing data at the district heating company, and was defined as:
(1) Customer code (2) Code of the heat meter (3) Building area (4) Building area of the customers with HCAs (5) Heaters' thermal power (installed thermal capacity) of the customers with HCAs (6) Heaters' thermal power (installed thermal capacity) of the customers without HCAs The allocation formula used to allocate heat consumption in the buildings with HCA installed is: The required data was a subset of all of the available billing data at the district heating company, and was defined as:
(1) Customer code (2) Code of the heat meter (3) Building area (4) Building area of the customers with HCAs (5) Heaters' thermal power (installed thermal capacity) of the customers with HCAs (6) Heaters' thermal power (installed thermal capacity) of the customers without HCAs The above listed data was obtained on a monthly basis, in accordance to the billing frequency. Allocation of heat energy consumption for an individual consumer is made in accordance with the applicable rules, as laid down by the Regulation on the Method of Distribution and Calculation of Costs for the Delivered Heat Energy (Official Gazette, br. 99/14, 27/15, 124/15) [24, 25] .
The allocation formula used to allocate heat consumption in the buildings with HCA installed is:
where: ESUC-heat energy allocated to an individual unit [kWh]; EG-total delivered heat energy in the calculation period for space heating (without sanitary hot water preparation) measured on a common building heat energy meter without the heat energy allocated to units without HCAs installed Billing data was supplemented with available HCA readings for all of the building's apartments, as well as the defined building related characteristics, such as the heated area of each apartment. By merging these two data sources a full dataset of quantitative predictors was established and used in further analysis.
Questionnaire and Interviews
The second data source this paper is based on was gathered via questionnaires and personal interviews in the analysed multiapartment building. The questionnaire's content, the list of relevant questions and structure are given in Table 2 . This paper aims to provide an overview of the influential factors affecting the consumption in district heating systems for both technical (or physical) and non-technical (or behavioural) factors. The technical factors are considered to be the parameters that could be measured or stated from the physical characteristics of the buildings or read from the available metering devices, and generally it could be said that these factors are available from the billing data and can be clearly stated and addressed. On the other hand, behavioural data cannot be clearly stated interviews with the final consumers need to be carried out. Based on previous research and experience, the survey's questions were formulated to include these relevant sections (see Table 2 ):
• Information on the age structure and the number of the tenants: this section contained questions about the age structure of the tenants in years prior to and after the installation of HCAs. This information is considered to be important with the presumption that certain age groups This paper aims to provide an overview of the influential factors affecting the consumption in district heating systems for both technical (or physical) and non-technical (or behavioural) factors. The technical factors are considered to be the parameters that could be measured or stated from the physical characteristics of the buildings or read from the available metering devices, and generally it could be said that these factors are available from the billing data and can be clearly stated and addressed. On the other hand, behavioural data cannot be clearly stated interviews with the final consumers need to be carried out. Based on previous research and experience, the survey's questions were formulated to include these relevant sections (see Table 2 ):
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Information on the age structure and the number of the tenants: this section contained questions about the age structure of the tenants in years prior to and after the installation of HCAs. This information is considered to be important with the presumption that certain age groups (specifically, children under the age of 7 and retirees) spend scientifically more time in their apartments then school children, students and people in work. Additionally, the presumption is that the desired heat comfort level for children under the age of 7 years is higher than that for other groups. The answer to this question is asked for the years 2010-2017, while 2015 was the year HCA were installed in this building. The categories of age groups have been defined as:
Ages 0-6 years Ages 7-18 years Ages 19-65 years Ages 65 and more
The information of the floor is asked for the purposes of assessing the influence on the consumption of the location of the specific apartment within the building.
Information on the daily occupancy time: this section is grouped within three groups as shown in Table 2 .
• Information on the existence of the efficient windows.
Information on the type of the windows: in this section participants needed to quality their window types in predefined categories. Predefined categories are chosen based on the knowledge of the most usual windows type in Croatia, as shown in Table 2. • Preferred heat comfort level: assessed in three categories.
Number of unheated rooms: historically in this geographic area there is a custom not to heat the rooms person/family is not using during the daytime.
Average daily ventilation rate: the last question is related to the influence of the ventilation rate of the apartment on the consumption and it is presumed to be a behavioural parameter of a significant influence.
Statistical Analysis
The statistical analysis in this paper was performed using R programming language [26] , with the aim of evaluating the influential factors on heat consumption in district heating systems, based on the available data for Zagreb, Croatia. For the purposes of this paper libraries tidyverse, readxl, tibble, dplyr, ggplot2, summarytools, packagemetrics, sjPlot and nortest were used. The regression coefficients where finally calculated with a "lm" function.
Frequency Density of Qualitative Variable
Frequency density of a certain parameter is the occurrence of this particular parameter in a total class size, and it is defined as:
where: P i is the relative frequency; n i is the absolute frequency.
Descriptive statistics of quantitative data was done with R's "summary" function giving these relevant data for the predictors dataset:
(1) Mean: For arithmetic mean a measure of central tendency.
(2) Standard Deviation: Measure the amount of variation using the square root of the variance and gives an information how close are all of occurrences clustered around the mean of a particular dataset. 
Normality of the analysed data is tested graphically, by testing and comparing histogram graphs with the normal probability curve and by the producing normal probability plot. Furthermore, Shapiro-Wilk of univariate normality is performed for the dependant variable, specific heat consumption per heated floor area (kWh/m 2 ). The testing is done using R, with the function "shapiro.test".
In order to determine if the data is following the normal distribution a p-value is compared to a significance level. A significance level for this analysis is considered to be 0.05. If the p-value for the analysed dataset is less or equal, than the significance level it can be concluded that the data does not follow the normal distribution. Hence, if the p-value is larger than the significance level, we can conclude that we cannot conclude that the analysed dataset doesn't follow the normal distribution, but we still cannot conclude that it does before performing additional tests. The additional test to be performed is the visualisation test.
The datum was analysed using multiple the linear regression model, defining each of the vectors from the data frame consisting of both Billing Data and Questionnaire Data either as predictors or as a dependant variable of interest. For this model the dependant variable of interest is the specific heat consumption in an individual apartment as a function of the remaining variables we define as independent variables or independent predictors.
The multiple linear regression is represented as:
where: X i is the i-th predictor; b 0 is the intercept; b i is a regression coefficient, defines the association between the variable and the response. In essence, the regression coefficients B i give a measure of an average influence of a predictor X i on F(X), when all other predictors are fixed. The multiple regression model was based on a set of independent variables from both Billing Data and Questionnaire Data while holding specific heat consumption per a specific dwelling as a dependent variable. The relevant variables selection was based on previous research described in this paper, as well as on findings based on the interviews performed. The relevant independent variables for this regression models are: Quantitative predictors:
(1) Monthly number of impulses from HCAs in an individual apartment (from Billing Data, denoted-ID_Imp) (2) Monthly total number of all HCA impulses in a building (from Billing Data, denoted-B_Imp) (3) Total metered heat on a main building heat meter (from Billing Data, denoted-B_E_MWh) (4) Heated floor area of an individual apartment (from Billing Data, denoted-m 2 ) (5) Monthly absolute allocated heat to an individual apartment (from Billing Data, denoted-Ap_MWh) (6) Monthly specific heat consumption in kWh per m 2 (from Billing Data, denoted-Ap_kWh_m 2 ) (7) Specific monthly ratio of total impulses from HCAs of an individual apartment relative to heated floor area (from Billing Data, denoted-Imp_m 2 ) (8) Total number of dwellers in an individual apartment (from Billing Data, denoted-Dwellers)
Qualitative predictors:
(1) Floor (from both Billing Data and Questionnaire Data, denoted Floor) (2) Average daily occupancy of an individual apartment (from Questionnaire Data, denoted AverageDailyOccupancy) (3) Data on efficiency of apartment's windows (from Questionnaire Data, denoted EfficientWindows) (4) Data on type of apartment's windows (from Questionnaire Data, denoted EffWindowType) (5) Data on the desired heat comfort level (from Questionnaire Data, denoted ThermalComfort) (6) Data on number of unheated rooms (from Questionnaire Data, denoted UnheatedRooms) (7) Data on estimated ventilation rate (from Questionnaire Data, denoted Ventilation) (8) Total number of dwellers in an individual apartment (from Billing Data, denoted-Dwellers) It can be seen that the total number of dwellers parameter has been double categorised as both a quantitative and qualitative predictor. This is needed for the reason of fitting this variable into the multiple linear regression where we want it to be included as a qualitative predictor. On the other hand, this predictor can be a quantitative predictor at the same time, e.g., for the purposes of expressing the specific consumption per dweller. As can be seen from the list above, the data from the dataset Billing Data are quantitative predictors, while the data from the dataset Questionnaire data are qualitative. Whilst regression of quantitative predictors is straightforward, when introducing qualitative predictors (or factors) in models an introduction of a helper indicator or dummy variable is needed.
Results
Normality of Data
Shapiro-Wilk Normality Test
The result of Shapiro-Wilk Test for the analysed dataset is given in Table 3 . The significance level is p ≥ 0.05. Based on the results we cannot conclude that the data do not follow the normal distribution and visualization of the fit is conducted as an additional test.
Visualising the Fit
In this section the normality of the dependant variable on an annual basis will be reported. For this purpose, the specific monthly heat consumptions from the billing dataset were summarised separately for 2016 and 2017. The boxplots with the associated distribution curve are presented in Figure 3 . The significance level is p ≥ 0.05. Based on the results we cannot conclude that the data do not follow the normal distribution and visualization of the fit is conducted as an additional test.
In this section the normality of the dependant variable on an annual basis will be reported. For this purpose, the specific monthly heat consumptions from the billing dataset were summarised separately for 2016 and 2017. The boxplots with the associated distribution curve are presented in Figure 3 . As it can be seen in Figure 3 , following the distribution line over the box plots and the two presented normality plots, the data for an approximation of a straight line, so we can conclude that the normal distribution is a good fit for the analysed dependant variable based on the visualisation test. As it can be seen in Figure 3 , following the distribution line over the box plots and the two presented normality plots, the data for an approximation of a straight line, so we can conclude that the normal distribution is a good fit for the analysed dependant variable based on the visualisation test.
Frequencies of Qualitative Parameters from Questionnaires
In this section the results of the frequency density analysis of the relevant data gathered through the questionnaires is presented (see Figure 4) . 
In this section the results of the frequency density analysis of the relevant data gathered through the questionnaires is presented (see Figure 4) . As can be seen from Figure 4 , most of the dwellers from the participating apartments are between the ages of 19 to 65 (working force category). As well, it can be concluded that most of the participants stay at home most of the day, prefer moderately warm thermal comfort level in the apartments that have no efficient windows, heat most of the rooms and open the windows in the heating season just occasionally. The influence of ventilation is presumed to be of importance and will be further accessed when interpreting multiple regression model. As can be seen from Figure 4 , most of the dwellers from the participating apartments are between the ages of 19 to 65 (working force category). As well, it can be concluded that most of the participants stay at home most of the day, prefer moderately warm thermal comfort level in the apartments that have no efficient windows, heat most of the rooms and open the windows in the heating season just occasionally. The influence of ventilation is presumed to be of importance and will be further accessed when interpreting multiple regression model. The dependant variable is denoted as "Ap_kWh_m 2 " and represents the parameter of specific heat consumption for each of the 150 analysed apartments in the building. This parameter is the dependable variable for the regression model and will be described in more detail.
Descriptive Statistics
Quantitative Predictors
The range of the dependable variable "Ap_kWh_m 2 ", in kWh/m 2 , is from 0.13 kWh/m 2 (Minimum) to 50.16 kWh/m 2 . The mean. as an arithmetic average of the data is 11.88 kWh/m 2 monthly. The median as the midpoint of the dataset is close to the mean -10.27 kWh/m 2 . The first quartile value is 3.68 kWh/m 2 . while the third quartile value is 17.75 kWh/m 2 .
The standard deviation of the data is 9.54 kWh/m 2 . If we consider the standard deviation to be a measure of spread of the data from the mean (mean being 11.88 kWh/m 2 ), we can see that these two values are on the similar level. Pairing what has been stated with the coefficient variance of 0.80. both these values can further indicate a normality of this particular parameter.
The skewness of data is positive. with the value of 0.80. indicating that the skewness is positive. the distribution is slightly to the right. but still close to the value of zero indicating that the data is symmetrical (assuming the values of asymmetry from −2 to +2).
The kurtosis value of 0.34 indicates that the distribution of the dependable variable dataset has somewhat heavier tails and a sharper peak.
Correlations and Relationships of Quantitative Variables
Furthermore, the correlation and relationships within all of the quantitative variables is given in Figure 5 using a matrix plot. Additional variable used compared to the dataset of quantitative variables to produce this plot is a quantitative (or categorical) variable "OMM". This variable indicates the building sub-division and has the values SD_A. SD_B and SD_C (see Table 1 .). The lower left triangle pane on the matrix plot presents the scatter plots of the pairs of the relevant variables. The diagonal plots differentiate the trends of the pairs of relevant variables taking into consideration the quantitative (or categorical) variable "OMM".
Visualising the Sample Distributions
Additionally, it is considered that the visualisation of the dependable variable for each of the analysed apartments is important. As it was said in the introduction and motivation for the research presented in this paper, the strongest motivation to address the influential factors on heat consumption and possible heat consumption savings was found in the unexpected dissatisfaction of the final consumers in the district heating systems after the HCAs had been installed. For this reason. addressing and analysing each of the individual apartments is important, especially to identify the individual apartments with the occurrence of outliers in the categories of relevant values (in this paper this is the value of the specific heat consumption per apartment).
In the first step, the visualisation was made for each of the building's subdivision (see Figure 6 ), as there is considered to be a physical difference between each of the subdivisions and each of them is connected to a different heating substation and has separate heat meters.
The largest sub-division, Sub-division B, has the largest range of the relevant dependable variable. This can be explained by the fact that the statistical sample is the largest for this subdivision and the fact that all of the apartments in this subdivision have implemented HCAs. Looking at Figure 5 , it can be said that the expected range of the specific heat for this building is within the The lower left triangle pane on the matrix plot presents the scatter plots of the pairs of the relevant variables. The diagonal plots differentiate the trends of the pairs of relevant variables taking into consideration the quantitative (or categorical) variable "OMM".
In the first step, the visualisation was made for each of the building's subdivision (see Figure 6 ), as there is considered to be a physical difference between each of the subdivisions and each of them is connected to a different heating substation and has separate heat meters. range of 5 to 20 kWh/m 2 per month during the heating season. The values can be lower, and if so, this can be interpreted that there is a high possibility that the apartment was vacant in the considered month. The picture shows the spread for the maximum values, as well as the outliers recorder. It can be seen that the maximum monthly value was recorded in Subdivision B. As this record has a singular occurrence, this gives an indication that the reason for this high consumption can probably be attributed to a malfunction of the HCAs in a given month. In Figure 7 boxplot representations for individual apartments have been presented for the whole building and for each subdivision separately.
(a) Figure 6 . Boxplots of the monthly specific heat consumption in each subdivision.
The largest sub-division, Sub-division B, has the largest range of the relevant dependable variable. This can be explained by the fact that the statistical sample is the largest for this subdivision and the fact that all of the apartments in this subdivision have implemented HCAs. Looking at Figure 5 , it can be said that the expected range of the specific heat for this building is within the range of 5 to 20 kWh/m 2 per month during the heating season. The values can be lower, and if so, this can be interpreted that there is a high possibility that the apartment was vacant in the considered month.
The picture shows the spread for the maximum values, as well as the outliers recorder. It can be seen that the maximum monthly value was recorded in Subdivision B. As this record has a singular occurrence, this gives an indication that the reason for this high consumption can probably be attributed to a malfunction of the HCAs in a given month. In Figure 7 boxplot representations for individual apartments have been presented for the whole building and for each subdivision separately. The picture shows the spread for the maximum values, as well as the outliers recorder. It can be seen that the maximum monthly value was recorded in Subdivision B. As this record has a singular occurrence, this gives an indication that the reason for this high consumption can probably be attributed to a malfunction of the HCAs in a given month. In Figure 7 boxplot representations for individual apartments have been presented for the whole building and for each subdivision separately.
(a) 
Qualitative Predictors
Prior to calculating the regression coefficients for the qualitative predictors, a visualisation of the correlation between dependable variable and the qualitative predictors values obtained from the questionnaires was made and is given in Figure 8 
Prior to calculating the regression coefficients for the qualitative predictors, a visualisation of the correlation between dependable variable and the qualitative predictors values obtained from the questionnaires was made and is given in Figure 8 To further evaluate the influence of each qualitative predictors on heat consumption, all of the analysed predictors will be analysed and included in the multiple linear regression model.
Multiple Linear Regression Analysis
Results of the regression are given relative to the dependable variable specific heat consumption per individual apartment. "Ap_kWh_m 2 " are reported in Table 5 . The first column of the table annotates the independent variables. The second column contains estimated values of the regression coefficients ("Estimate"). The third column gives standardised values of the regression coefficients. The fourth column represents standard deviation values and the last column gives the p-values. consumption can be interpreted. (8) Ventilation rate. As expected, larger specific heat consumption is recorded in apartments with larger frequency of ventilation of space by opening the windows, while the mean for all three groups (often, occasionally and rarely) is at a similar level.
To further evaluate the influence of each qualitative predictors on heat consumption, all of the analysed predictors will be analysed and included in the multiple linear regression model. It can be noticed that the quantitative variables have been listed as multiple independent variables at the number that equals one less (n−1) of the number of possible answers to the questions related to the qualitative variable in the questionnaire. The reason for this is the way regression model treats and codes qualitative variables. In this particular case, the regression model makes so-called dummy variables. the number of which is always one fewer then the levels of the variable.
Looking at Table 5 , the findings can be formulated as:
• The most influential factor among quantitative variables are the number of impulses in the apartment. allocated and measured heat for both the apartment and the building, and the ratio between allocated impulses and the area (the most significant factor).
• Among the quantitative variables the largest influence is recorded from the particular window type, following the daily occupancy rate and frequency of ventilation.
•
The adjuster R2 for the analysed model is 0.998, meaning that 99.8% of analysed data can be explained by the variables obtained in Table 5 .
If we were to express the function using Equation (5), the "Estimates" in the Table 5 would be equivalent to the regression coefficients (b i ), while the predictors would have a X i value.
Discussion
Although most studies dealing with assessing energy savings after the introduction of individual metering (either by individual heat meters or heat cost allocators) in buildings connected to district heating systems have reported significant savings [19] , no comprehensive assessment of the savings at the level of an individual apartment has been made. At the same time, the experience in implementing the EU Energy Efficiency Directive in the part of individual metering in Croatia, has shown that a large number of final consumers did not achieve the presumed savings, but have even significantly increased their cost for heat. This fact was a motivation for conducting research into a comprehensive assessment on influential factors on consumption in buildings connected to district heating systems.
In this paper influential factors on the energy consumption in buildings connected to DH systems are defined as technical (mostly quantitative variables) and non-technical (mostly qualitative variables), whereby the non-technical forms of consumption include social and behavioural aspects, such as demographic factors, the daily schedule of the use of space and others. This represents the originality of this paper as most of the previous analyses and models, like the research done by Juodis [27] , predominantly delved into technical factors only.
When analysing the data comprising both technical and non-technical data, where technical data was available from the billing data and non-technical data was obtained by virtue of questionnaires, at this level of research it can be concluded that significant influential factors on heat consumption are the ratio between the metered values (for HCA these are impulses) and the heated area, window type, daily occupancy rate and frequency of ventilation.
Further research is planned based on the findings of this paper. A model for a typical building will be developed based on the qualitative data and merged with a large available database on heat consumption, as described in the Introduction.
Based on the model presented in this paper, the next step will be to implement machine learning algorithms and statistical methods together with comparative analysis and identification of the most appropriate algorithm to analyse the separate effect of energy efficiency measures installing individual measurements in buildings heated from heating systems to reduce energy consumption.
The final goal of this research is to develop a model that would be used for the purposes of assessment of the effects of introducing the individual metering on the heat consumption in district heating, on households, buildings, networks and at a national level.
